Abstract-With the increasing demand for energy in day-today life, the need for integrating renewable energy is growing. In this paper, we take a step in addressing this challenge by employing solar photovoltaic (PV) energy to maintain indoor temperatures in buildings. The objective we aim to meet is to consume as much of the generated PV energy as possible locally while maintaining the indoor comfort temperatures. We set this objective to reduce wastage of renewable energy and cut down the need for storage devices. We formulate a thermal model of the building Heating Ventilation and Air Conditioning (HVAC) system and employ the model-free control (MFC) technique to achieve the defined objective. Simulation results illustrate that the performance of the MFC technique, in terms of indoor temperature and total energy consumption tracking errors, is comparable with that of the recently developed augmented model predictive control technique. In addition, the MFC is computationally light and easily deployable on small embedded devices. Furthermore, we analyze the relationship between the generated PV energy and the required energy consumption of the buildings, and the results show that this relationship is linear, indicating that the developed framework can be directly implemented for a certain number of buildings given an arbitrary PV profile.
I. INTRODUCTION
Over the past few years, there has been a growing interest in, and a need for integrating renewable sources of energy in day-to-day energy consumption. Unfortunately, due to unpredictable weather conditions, relying on renewable sources is challenging. Accordingly, there have been several attempts to develop ways to reduce the uncertainty associated with renewable energy, see [1] , [2] [3] .
In another such attempt, one direction can be to begin with applications that have flexible loads, for example buildings. Buildings consume 40% of electricity produced in the United States [4] and, currently, they are largely passive participants in the electric grid. Their flexibility in loads can be exploited to reduce the uncertainty associated with renewable energy.
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There have been promising developments in the area of energy-efficient buildings. For example, [5] and [6] , developed an adaptive control approach to maintain the indoor temperatures of the building at a desirable temperature. [7] formulated an augmented optimal model predictive control (MPC) methodology that is suitable not only for controlling the building indoor temperatures but also for handling the energy constraints. As we will see in Section III-A, this method will be used as a benchmark for comparison of the results obtained in this paper. Various innovative methods have been specifically developed for control of temperatures in buildings. While most studies design the control method independent of building occupants, [8] incorporates active user feedback to maintain the temperatures during the occupancy hours. [9] considers temperature forecasts and historical data in the design of the control technique. This is done by a feedforward scheme based on iterative learning control to extract information from historical data with similar temperature patterns and preemptively account for expected future error.
In this paper, we employ the model-free control (MFC) algorithm developed in [10] to control the indoor temperatures of buildings. Although recently introduced, MFC has been successfully applied in various domains. For example, MFC was used to regulate an experimental greenhouse in [11] and for stabilization of active magnetic bearing in [12] . In [13] , it was used to enhance the performance of heaving wave energy converters. As we will see in Section II, MFC uses an ultra-local model (approximation) of the system, that is estimated in real-time. This allows MFC to be implemented for nonlinear systems as well. Accordingly, MFC was used in nonlinear multi-input multi-output quadrotor system in [14] . Furthermore, because the control algorithm has to be implemented in real-time, it is desirable to be computationally light. Adaptive control algorithms that perform online system identification of the building to compute the appropriate control value, for example as developed in [15] , usually come at the expense of high computational complexity.
Similarly, although MPC methodologies are designed to handle constraints efficiently, they are associated with high computational cost. Hence, MFC, which is computationally light, is a good fit for our application. Moreover, it is shown in [16] that MFC can be easily implemented on cheap and small programmable devices.
Similar to this paper, [17] used MFC to control indoor temperatures of buildings and we will be building up on the analyses therein. Our objective is two-fold: to control the indoor temperatures of the buildings, and employ all the generated solar photovoltaic (PV) energy to do so. Here, the generated PV energy is accessible by all the considered buildings, i.e., the energy is divided among the community. We define a comfort band for the desirable indoor temperatures and we aim to consume most of the generated energy without jeopardizing occupants comfort. This would minimize impact on the grid, reduce size of storage devices, and increase solar PV penetration levels.
In Section II, we first introduce the thermal model of the building Heating Ventilation and Air Conditioning (HVAC) system and review the employed model-free control method. In Section III, we initially discuss how we use MFC to achieve our two-fold objective and then perform extensive analysis. We consider cases where all buildings are assumed identical and the other case where they are nonidentical. In Section III-C we find a relationship between the generated solar PV energy and the energy requirements of buildings. Finally, we conclude with some discussions in Section IV.
II. MODELING AND CONTROL
In this section, we first formulate a model for the building HVAC system and then briefly review the model-free control method developed in [10] . We note here that the model will be used only for simulation purposes, and not in the design of the controller.
The mathematical model for the building HVAC system is given by the state space formulation [18] , [19] :
where u ∈ R is the input to the HVAC system, w ∈ R 2 is the disturbance, and y ∈ R is the measured indoor temperature. The disturbances considered are the external temperature and solar irradiance. The system matrices are parameterized as:
where the parameters are:
Here, a d = 1.225kg/m 3 is the air density, v a = 550m 3 is the volume of the air, and c p = 1033J/kgC is the specific heat of the air. The continuous time model (1) is used in simulations as a discrete-time model with 10 minutes discretization.
To control the temperature of the building, the model-free control technique as introduced in [10] is employed. The single input single output system in (1) is approximated by an ultra-local model as:ẏ
Here, u and y are the input and output of the system, and F describes the poorly known or unknown parts of the system. The parameter α is to correct for the difference in the magnitudes of the input and the output. F is approximated by a piecewise constant function φ that is given as:
Note that φ is estimated using the measurements of the system obtained in the last L seconds and accordingly F is continuously updated. Using the latest F , the intelligentproportional control law is given by:
Here, y * is the desired reference trajectory and K p is the proportional gain. Combining (2) and (4) provides the error dynamics:ė
where e = y − y * is the tracking error. The value of K p is obtained from the solution of the differential equation (5) and updated at every timestep. Therefore, the only parameters that need to be manually set are α and L, hence making the control design straight-forward.
As we reviewed, the MFC method uses an ultra-local model that is estimated from the input and output measurements. Therefore, the model given in (1) is used only to simulate the building conditions and not in the design of the controller.
In Section III, we will mathematically formulate our objective and then consider different cases to perform extensive analysis. We will also discuss how the employed control method is used to meet our two-fold objective.
III. SIMULATIONS
In this section, the details of employing the MFC method are discussed. The case where all buildings are considered to be identical is analyzed in Section III-A and the case with nonidentical buildings is considered in Section III-B. In the last part of this section, we formulate a relationship between the generated PV energy and the total number of buildings required to consume all of the generated energy.
Our objective is to control the indoor temperatures of N number of buildings using the generated solar PV energy. This implies that the generated energy is divided among all N buildings. Let the generated solar PV energy be denoted as E. The constraint of employing all of the generated energy can be mathematically expressed as:
where E k (t) is the energy consumed by the k th building at time t and is the permissible tolerance in the tracking error. From the dynamics of the building HVAC model, E k is given as E k = 3.5u k , where u k is the control input of the k th building HVAC system. Moreover, since the HVAC systems can only be turned on or off, we have the following constraint on the control input:
where, 0 and 1 correspond to the HVAC system turned off and on, respectively. Since our focus includes fully employing the generated PV energy, we limit our analysis to during the day when there is sufficient solar energy. Accordingly, when the HVAC system is turned off, the indoor temperature of the building increases, and when the HVAC system is turned on the building temperature decreases. Essentially, the HVAC system considered here operates only in cooling mode.
The methodology to achieve the aforementioned objective is sequentially summarized in the following steps:
1. For each building k, at each timestep t, previous L seconds of measurements are fed to the model-free controller, i.e.,
Calculate the corresponding energy that will be consumed with u k (t + 1) as the input, i.e., E k (t + 1) = 3.5u k (t + 1). 3. Check if the total energy to be consumed satisfies or violates the constraint (6) i.e.,
If the constraint (6) is satisfied, then the control input to the k th building is u k (t + 1) roundoff to satisfy (7). 5. If the constraint (6) is violated, then the buildings that require cooling the most are decided based on the value of u k (t + 1). For example, if u 29 = 0.9 and u 87 = 0.7, then the 29 th building will be turned on at this timestep. 6. The previous step is carried out until all the available energy is allotted.
As a further note on point 5, consider the case where there are multiple buildings (say N 1 number of buildings) that have the same value of u k (t + 1). Because the generated energy is not enough to cool all N 1 buildings, we cool N 2 < N 1 number of buildings, and buffer the remaining for the next timestep. Here, N 2 corresponds to the number of buildings that can be cooled using the generated energy. When the available energy is more than the required energy, the aforementioned conflict resolution technique is mirrored and employed. In our simulations, α = 1, L = 3600 seconds, the sampling time is 600 seconds, and is set as 10% of E. The data used for disturbances in (1), i.e., external temperature and solar irradiance, are the measurements taken on a typical summer day in July 2017, in Knoxville, Tennessee.
We consider two cases: all buildings are identical and all buildings are nonidentical. In both cases, the initial conditions (initial indoor temperatures) of all buildings are randomly assigned. The results in the case of identical and nonidentical buildings are discussed in Sections III-A and III-B, respectively. Finally, in Section III-C, we establish a relationship between the generated solar PV energy and the energy required by an arbitrary N number of buildings.
A. Analysis for identical buildings
In this section, we consider N = 100 identical buildings starting at different initial conditions. The MFC method is used in combination with the reviewed methodology to control the indoor temperatures while employing all of the generated energy. The obtained results are compared with the standard MPC method developed in [7] .
The desired indoor temperature is 23 • C and the comfort band is defined to be 23
• C ±1.5
• C. The indoor temperatures obtained in 100 identical buildings with MFC are shown in Fig. 1 , and the temperatures obtained using MPC, under the same conditions as in MFC, are shown in Fig. 2 . The corresponding total energy consumed at each timestep for both methods is compared in Fig. 3 .
It can be observed that while MPC strictly maintains the indoor temperatures within the comfort band, the energy consumed is higher than the generated energy for a brief period of time. On the other hand, while MFC uses the generated energy within permissible limits, the indoor temperatures for a few buildings deviate from the comfort band by less than 0.5 degree Celsius for a brief period of time. This is because the control algorithm implemented with MPC imposes hard constraint on maintaining the indoor temperature, whereas, MFC imposes hard constraint on employing the generated The results obtained are summarized in Table I using different tracking error metrics. The root mean square error (RMSE) in indoor temperature is calculated as: 
Here, y k (i) refers to the measured indoor temperature in k th building at i th timestep, y * = 23 is the constant reference signal, T is the total number of timesteps, and N = 100 is the total number of buildings. In short, the aggregate error for all buildings is computed as the average of the root mean square error in each building. Similarly, the mean absolute error and maximum error are computed.
As discussed in Section II, the proportional gain K p is automatically updated based on the previous error. Observing the behavior of evolution of K p provides more insight into the control architecture. The value of K p that is obtained for each building at every timestep is shown in Fig. 4 . Because all of the buildings are identical, we observe similar evolution in the behavior of K p for all buildings. In the next section, we address the case of nonidentical buildings.
B. Analysis for nonidentical buildings
In this section, we perform analysis similar to that in Section III-A but for nonidentical buildings.
To generate N nonidentical buildings, we sample from a normal distribution where the state-space parameters from the model (1) are considered as the mean, and σ is the standard deviation. Specifically, σ = 0.7 × 10 −3 for A, σ = 0.8 × 10 −3 for B, and σ = 5 × 10 −3 for G. N values, for each state-space parameter, are sampled from the normal distributions and each set is used as a model for the building.
Since the proportional gain K p is automatically computed based on the tracking error of the indoor temperature, it does not require to be manually tuned even when the models are different. The resulting indoor temperatures and the total energy consumption from all the buildings are shown in Fig.  5 and Fig. 6 , respectively.
We observe similar results for identical and nonidentical buildings, hence confirming the effectiveness of automatically updating the proportional gain. The generated energy E : Energy consumption by 100 nonidentical buildings with MFC vs generated energy considered so far was appropriate to match up to the energy requirements of 100 buildings. In the next section, we explore on and develop the relationship between E and N .
C. Finding the optimal number of buildings
In Sections III-A and III-B, the generated solar PV energy E was taken as is and the number of buildings was fixed at 100. In this section, we explore the case of finding the "optimal" number of buildings given a generated PV energy profile. We specify here that, in this section, whenever E is referred to, it corresponds to the same energy profile that was used in the previous sections. We observed in the previous sections that the energy profile E satisfactorily matched up to the energy consumption of 100 buildings. We are interested in finding out the amount of energy that would be required to cool an arbitrary N number of buildings.
For an insight into why this is essential, we show two quick examples where E is used for 75 and 125 number of buildings. In Fig. 7 , we see that when the number of buildings is less than the optimal (100 in this case), each building is forced to consume more energy than required, and hence the indoor temperatures are much lower than the comfort band. Similarly, when N = 125, each building gets less energy than is required to stay in the comfort band. Hence, the buildings heat more than necessary. Therefore, it is essential to have the right number of buildings for a given PV energy profile. Since we have the information that E is good for 100 buildings, we establish a relationship that can be used as a guide to find out the number of buildings given an arbitrary PV energy profile. Let us denote the energy that would match up to the energy consumption of N buildings as E . If the relationship between E and E is linear, then E can be expressed as E = νE, and we want to verify if the following holds:
Let ν := ν/(N/100). In short, we want to verify if ν = 1. In order to do so, N was varied from 1 to 200. For each value of N , ν was varied from 0.1 to 1.9 and the corresponding E = νE was considered as the available energy. For each N , and for different values of ν , the root mean square error in the indoor temperature is plotted in 8 . Therefore, each curve in the graph corresponds to a particular value of N , and each point on that curve is the error obtained for the corresponding ν . One can see that in most cases, the minimum error is obtained for ν = 1. For a deeper look into the results obtained for different number of buildings, the value of ν corresponding to the minimum error (from Fig. 8 ) is plotted against the number of buildings in Fig. 9 . When the number of buildings considered is small, we can see that the ratio ν deviates from 1 but as N increases, ν gets close to 1.
To summarize, we can use the linear relationship E = νE as a guide to choosing the number of buildings given an arbitrary PV energy profile.
IV. CONCLUSION
In this paper, we focused on integrating renewable energy in day-to-day energy consumption by considering the generated solar energy for use in building cooling. The MFC technique was used to control the indoor temperatures in buildings. It was observed in Section III that the generated energy was satisfactorily employed to achieve the control of indoor temperatures without violating the occupants' comfort. A relationship between the generated energy and the total number of buildings required to consume all of the generated energy was also analyzed.
The analysis in this paper was performed using simulations on the considered thermal model. The next phase of our work will primarily focus on implementing the presented MFC approach on real-life buildings. The future work also includes considering different kinds of buildings, for example a gymnasium or a restaurant kitchen, where the temperature fluctuations are high.
